This paper benchmarks the simple Local Binary Pattern (LBP) approach in the supervised texture segmentation problems of the recent comparative study of Randen and Hus¢y. A multi-predicate version of LBP is proposed, mak ing our approach even more powerful for images contain ing textures at multiple scales.
Introduction
In their recent paper, Randen and HUS0Y reviewed the fil tering approaches to texture feature extraction and per fanned an extensive comparative study [5] . For comparison, the co-occurrence and multi-resolution autoregressive (AR) features were also included in the study. In their experi ments, various filtering approaches yielded different results for different images. No single approach perfonned best or very close to the best for all images. The computational complexity of the methods was also considered to be too high. Randen and Hus\,\y concluded that a very useful direc tion for future research would be the development of pow erful texture measures that can be extracted and classified with low computational complexity.
In this paper, we will use the image set of Randen and HUS0Y to benchmark the Local Binary Pattern approach, which has been very powerful in various classification and segmentation problems and is of low computational com plexity [3, 4] . The 3x3 neighborhood of the basic LBP may be inadequate for images containing textures at larger scales. To solve this problem, we propose a simple multi scale extension for LBP.
Section 2 describes texture discrimination using LBP type operators. First, the principle of the basic LBP is de scribed, and then multi-scale extensions of LBP are pro posed. Section 3 presents experimental results for the basic and multi scale LBP and compares them to the best results obtained by Randen and HUS0Y [5] . Section 4 contains dis cussion and conclusions.
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where N is the total number of bins in the histogram, and S n and M n correspond to the probabilities of bin n in the sample and model histogram, respectively.
Multiscale LBP
Some may find the performance of LBP surprisingly good, given the small support of 3x3 pixels. One may argue that this operator size is by no means adequate, in compari- When a texture is processed using LBP operators with different support areas, one histogram for each operator is obtained. To be useful in classification problems, the infor mation provided by the histograms must be combined somehow. Yet more importantly, we must assume that us ing another support region really gives us more information about the texture. If this is not the case, the new information can cause the classification accuracy to deteriorate.
In our experiments where more than one support region was used, the dissimilarity between training and testing samples was calculated using three different approaches: We have discovered that the two approaches presented by equations 2 and 3 give almost identical results, whereas the third one (Eq. 4), fails chiefly because of the noisiness of the measurement. The probability of one histogram to misclassify a sample is larger than that of the joined histo gram. Joining the histograms reduces noise effects, which explains the better performance. Due to computational sav ings, we prefer Eq. 3 to Eq. 2, and select it as the dissimilar ity measure for the experiments presented in Section 3.
Experiments
As a test bench for the approach, we employed the su pervised segmentation problems used in the recent compar ative study of Randen and HUS0Y [5] , shown in 
Discussion and conclusions
We see that the LBP approach, despite its simplicity, provides the lowest error rate of all operators in ten of the 12 cases, and in most cases by a clear margin. This impres sive result is largely attributable to the gray scale invariance of the LBP operator. It is understandably a very useful prop erty when the gray scale properties of the unknown test sample differ from the training data, which is the case in most of the 12 mosaics used in this study. A similar conclu sion was drawn in our recent study, in which the perform ance of the LBP operator was compared to that of multidimensional distributions of signed gray level differ ences [7] .
The results indicate that, in most cases, it is advanta geous to use more than one predicate for the LBP operator.
There are only three cases where the basic LBP performs better than the one extended with another predicate. The multi-predicate approach shows its usefulness especially in problem #12, where the segmented textures have differently scaled structures: the error percentage drops from 9.9 to 5.3.
Furthermore, the multi-predicate approach should be pre ferred to scaling because scaling decreases the amount of information in an image. In Randen and Hus�y's segmenta tion problems, the best results were obtained using an addi tional LBP histogram with three pixels as the predicate value.
When the log-likelihood dissimilarity measure is used, it usually makes no significant difference whether the dis tance is calculated by concatenating histograms or by sum ming up the distances between corresponding histograms.
Taking the minimum distance is, however, much more inef ficient. Since concatenating the histograms is the simplest method of the three, it was preferred in our experiments.
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